Data gaps are frequently observed in the hourly PM2.5 mass concentration records measured from the China national air quality monitoring network. In this study, we proposed a novel gap filling method called the diurnal cycle constrained empirical orthogonal function (DCCEOF) to fill in data gaps present in hourly PM2.5 concentration records. This method mainly calibrates the diurnal cycle of PM2.5 that is reconstructed from discrete PM2.5 neighborhood fields in space and time to the level of valid PM2.5 20 data values observed at adjacent times. Prior to gap filling, possible impacts of varied number of data gaps in the time series of hourly PM2.5 concentration on PM2.5 daily averages were examined via sensitivity experiments. The results showed that PM2.5 data suffered from the gaps on about 40% of days, indicating a high frequency of missing data in the hourly PM2.5 records. These gaps could introduce significant bias to daily-averaged PM2.5. Particularly, given the same number of gaps, larger biases would 25 be introduced to daily-averaged PM2.5 during clean days than polluted days. The cross-validation results indicate that the predicted missing values from the DCCEOF method with the consideration of the local diurnal phases of PM2.5 are more accurate and reasonable than those from the conventional spline interpolation approach, especially for the reconstruction of daily peaks and/or minima that cannot be restored by the latter method. To fill the gaps in the hourly PM2.5 records across China during 2014 to 30 2019, as a practical application, the DCCEOF method can be able to reduce the averaged frequency of missingness from 42.6% to 5.7%. In general, the present work implies that the DCCEOF method is realistic and robust to be able to handle the missingness issues in time series of geophysical parameters with significant diurnal variability and can be expectably applied in other data sets with similar barriers because of its self-consistent capability. 35 
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resolution (e.g., Bai et al., 2019b; Zhang et al., 2019) . On the other hand, many previous studies preferred 65 to exclude records of days with a certain degree of missing values (e.g., no more than 6 missing values within 24-h) from their analysis (e.g., van Donkelaar et al., 2016; Li et al., 2017; Huang et al., 2018; Manning et al., 2018; Shen et al., 2018; Bai et al., 2019a; Zhang et al., 2019) . Although the exclusion of records with missingness could avoid biased results to some extent, such a data treatment would make the PM2.5 time series temporally discontinuous. Therefore, approaches of ignoring missing values or 70 excluding records on days with missing values are unreasonable.
Since a non-gap PM2.5 record is essential to PM2.5 related haze control and environmental health risk assessment, filling data gaps presented in hourly PM2.5 records are of critical importance. Although versatile gap filling methods exist (e.g., Beckers and Rixen, 2003; Taylor et al., 2013; Chang et al., 2015; Dray and Josse, 2015; Gerber et al., 2018) , most of them fail to properly impute missingness in PM2.5 75 time series with high temporal resolution (e.g., hourly). An overview of existing gap filling methods is therefore worthwhile. Some conventional methods working in a principle of statistical interpolation are incapable of restoring daily peaks and/or minima since a priori knowledge of diurnal phases is oftentimes required to cope with this issue. The primary reason lies in the varied diurnal phases of PM2.5 measurements since the mass concentrations always vary significantly in space and time due to 80 heterogeneous local emissions and atmospheric conditions (Guo et al., 2017; Lennartson et al., 2018; Shi et al., 2018) . A similar barrier applies for many other datasets which are sampled at high temporal resolution.
In this study, we proposed a novel practical gap filling method called a diurnal cycle constrained empirical orthogonal function (DCCEOF) to better handle data gaps presented in time series with marked variability 85 in space and time, by taking diurnal phases as a critical constraint in missing value imputation. To our knowledge, none of the existing gap filling methods have accounted for the diurnal phase effect in their missing value imputation schemes, and hence the predicted values from these methods might suffer from large bias. As a demonstration, the retrieved hourly PM2.5 concentration record from CNEMC during the time period of 2014 to 2019 was applied to evaluate the efficacy and accuracy of the proposed DCCEOF 90 method. Science questions to be answered by this study include: (1) how many and how often are the missing values presented in a large-scale monitoring network such as the one in China with abundant in https://doi.org/10.5194/amt-2019-317 Preprint. Discussion started: 11 September 2019 c Author(s) 2019. CC BY 4.0 License. situ PM2.5 records? (2) what are the uncertainties that can be introduced by missing values to daily averaged PM2.5? (3) is it feasible to reconstruct a set of spatiotemporally localized diurnal cycles from discrete PM2.5 observations in a large-scale monitoring network? and (4) are missing value imputations 95 constrained by the diurnal cycles reliable?
Overview of existing gap filling methods
Plenty of methods have been developed or adopted for gap filling with respect to various theoretical bases, ranging from simple replacement with surrogates to spatial or temporal interpolation in addition to complicated machine learning techniques such as neural networks. These methods can be classified into 100 different groups according to different criteria. For instance, two major groups can be classified based on the number of variables (univariate versus multivariate) (Ottosen and Kumar, 2019) and theoretical basis (likelihood-based versus imputation-based) (Junger and Ponce de Leon, 2015) . Table 1 summarizes a selection of popular methods for missing value imputation in geophysical data sets by referring to the domain specific data dependence (Gerber et al., 2018) . Comparisons of the performances of these methods 105 can also be found in other literatures, e.g., Kandasamy et al. (2013) , Demirhan and Renwick (2018) , Yadav and Roychoudhury (2018) , Julien and Sobrino (2019) , among others.
Given that each method is initially proposed to deal with missingness in one specific data set, adopting one method to another data set is often a challenge due to the various features of missingness (e.g., missing at random versus missing not at random), in particular for data sets with salient spatiotemporal 110 heterogeneity such as air pollutants time series (Junger and Ponce de Leon, 2015) . PM2.5 often exhibits evidently diurnal variation phases, which are primarily governed by local air pollutants emissions and regional meteorological conditions such as boundary layer height (Guo et al., 2017; Li et al., 2017; Huang et al., 2018; Liu et al., 2018; Miao et al., 2018; Yang et al., 2018 Yang et al., , 2019b . Consequently, conventional approaches like those listed in Table 1 may partially fail in accurately predicting missing values in hourly 115 PM2.5 series.
In general, most currently available gap filling methods in Table 1 suffer from at least one of the following drawbacks: 1) partially fail for data sets with prominent gaps; 2) not self-consistent due to the requirement of supplementary data sets;3) computationally intensive (e.g., neural networks), and, most critically; 4) https://doi.org/10.5194/amt-2019-317 Preprint. Discussion started: 11 September 2019 c Author(s) 2019. CC BY 4.0 License. unable to fairly predict daily peaks and/or minima due to the absence of essential prior knowledge of 120 diurnal variability of monitoring targets. Given the significant heterogeneity of PM2.5 concentration in space and time (Guo et al., 2017; Manning et al., 2018) , ignoring the diurnal phases of PM2.5 would result in large bias to the gap filled PM2.5 data set. value imputation for the filling of data gaps presented in the hourly time series of PM2.5 concentration at each station. The goal is to better predict missing PM2.5 values, especially for the daily peaks and/or minima, which are poorly predicted by conventional methods due to the absence of prior knowledge of local diurnal phases of PM2.5. A schematic diagram of the proposed DCCEOF method is illustrated in 135 Figure 1 . In general, the DCCEOF method consists of the following four primary steps with the goal of reconstructing the local diurnal cycle of PM2.5 for the time series of each 24-h PM2.5 with missingness from their discrete neighborhood fields. first constructed using 24-h PM2.5 observations from nearby stations on date and observations from 145 adjacent 2 days at site . Mathematically, the neighborhood field , , can be expressed as:
It is clear that and are two critical factors in determining the dimension of , , as a smaller and would yield a more compact and localized PM2.5 neighborhood field. Considering a too compact neighborhood field may be insufficient to reconstruct the local diurnal cycle of PM2.5 fairly due to limited 150 information, since missingness may also present in each candidate 24-h PM2.5 concentration time series.
was defined as the number of stations within 100 km of the target station and was set to 7 (i.e., one
week before and after date respectively) in our algorithm. This configuration resulted in adequate samples for the construction of , , while rendering the computational workload manageable.
2) Construct a compact PM2.5 neighborhood field: Since the initial PM2.5 neighborhood field , , 155 might include many irrelevant observations with different diurnal phases given large spatial and temporal intervals (i.e., m and n), a compact neighborhood field should be constructed by only retaining observations that are highly related to the target PM2.5 time series most critically, with similar diurnal phases. Therefore, the covariance rather than correlation between the target time series and every candidate PM2.5 time series in , , was first calculated (normalized by the number of valid data pairs, 160 i.e., without missingness). Subsequently, the candidate PM2.5 time series were sorted with respect to the magnitudes of covariances in a descending order. Finally, the first time series were retained to construct the optimized PM2.5 neighborhood field ; by complying with the criterion that there are at least five valid observations at each specific time (i.e., observations in each row) from 00:00 to 23:00. The aim of this configuration is to avoid large bias in the subsequent diurnal cycle reconstruction using EOF, since 165 large outliers may emerge at times without any valid observation. Mathematically, the process to construct ; can be formulated as follows:
where B denotes the time series of candidate PM2.5 in , , and COV is the covariance function.
3) Reconstruct the spatiotemporally localized diurnal cycle of PM2.5: The diurnal cycle of PM2.5 at site on date (denoted as ) was then reconstructed from the optimized neighborhood field ; using EOF in an iterative process similar to the DINEOF method (Beckers and Rixen, 2003) . In our DCCEOF method, the time series of the target PM2.5 were also included as a basic constraint for the reconstruction of the local diurnal cycle of PM2.5 and the whole field was then denoted as L .
The EOF-based gap filling process can be outlined as follows: a) 20% of valid PM2.5 observations in L were first retained for cross validation (CV) and then data values at these points were treated as gaps by replacing with nulls (i.e., missing value); b) given that a small amount of missing values would not significantly influence the leading EOF mode for the original data set, we may assign a first guess (here 180 we used the mean value of valid data in each column) to the data points where missing values are identified to initialize the EOF analysis; c) EOF analysis was performed on the previously generated matrix (i.e., gaps are filled with column mean) in a form of singular value decomposition (SVD) and then data values at value-missing points were replaced by the reconstructed values at the same points using the first EOF mode. These processes can be expressed as:
where < M > denotes the initial matrix in which the missing values were filled with column means. U, S, and V are three matrices derived from SVD while 1 , 1 , and 1 denote the SVD components in the first EOF mode. B is the reconstructed matrix using the first EOF mode; e) iteratively decompose and 190 reconstruct the matrix while updating data values at the value-missing points using the first EOF mode till the convergence is confirmed by the mean square error at each iteration; f) repeat the previous iterative processes for the following EOF modes till the final convergence (i.e., error starts to increase as the new EOF mode is included). The was finally obtained by standardizing the identified leading EOF modes. 4) Missing value imputation: Finally, a linear relationship was established between valid PM2.5 PM2.5 were then predicted by mapping data values in the reconstructed diurnal cycle at missing time based on the established linear relationship.
In general, the proposed DCCEOF gap filling method is a univariate and self-consistent method since no additional data record is required for missing value imputation. Rather, the method works by relying 200 primarily on the local diurnal cycle of PM2.5 that can be reconstructed from discrete PM2.5 neighborhood fields in space and time. Compared with conventional gap filling methods that work on a statistical basis (e.g., spline interpolation), the unique feature and novelty of the proposed DCCEOF method lies in its utilization of the diurnal cycle to constrain the missing value imputation, rendering physically meaningful predicted values with high accuracy. 618-2011. PM2.5 concentrations are measured by these instruments with an accuracy of ±5 μg/m 3 for tenminute averages and ±1.5 μg/m 3 for hourly averages (Guo et al., 2017; Miao et al., 2018) . Although the hourly PM2.5 observations in China have been publicly available since 2013, the PM2.5 records used in the present study were retrieved following May 2014 via a web crawler program.
215 Figure 2 depicts the spatial distribution of the national ambient air quality monitoring network in China as well as the start year for the first release of PM2.5 measurements at each individual station. Given the fact that our data were retrieved following May 2014, stations deployed before 2014 are hard separate from those being built in 2014 and hence, they were all designated the same way in Figure 2 . At present, this network consists of more than 1,600 stations, in which about 940 stations were established before newly deployed in the following one and half years until December 2016. In other words, the vast majority (92.4%) of PM2.5 stations in the current monitoring network were established before the middle of 2015. ratios less than 10% (Figure 3a) . Nonetheless, prominent data gaps are still observed at several monitoring stations (red dots in Figure 3a ) with more than 70% of hourly PM2.5 observations lost in daily 24-h measurements. After checking the retrieved PM2.5 data records across these stations, we found that most 240 of these stations stopped releasing PM2.5 observations after the middle of 2015. Despite the small magnitudes (~10%) of daily-averaged missing value ratios (Figure 3d ), data gaps in our retrieved hourly PM2.5 records are still salient, which is evidenced by the occurrence frequency of missing values in daily PM2.5 observations (Figure 3b) . In contrast to the daily averaged missing value ratios (Figure 3a) , the missing value frequency has a relatively larger magnitude (~40%), revealing that data gaps occurred frequently in the retrieved PM2.5 records, as four out of ten days PM2.5 samplings were 255 subject to data gaps (Figure 3e ). Therefore, there is an urgent need to fill in the data gaps in China PM2.5 records to facilitate the exploitation of these valuable records.
In addition, the diurnal phases of the occurrence of missing values were examined. Figure 3c 
Impacts of missing values on daily-averaged PM2.5 265
It is well known that the number of missingness is highly linked to how well the estimated PM2.5 daily averages and their associations with application results can be trusted. As such, the possible impacts of PM2.5 missing values were examined to provide a holistic viewpoint of the adverse impacts of data gaps, given the fact that the daily averages are frequently used in many PM2.5-related studies. First, gap-free observations of hourly PM2.5 within 24h were extracted. Since sampling based on all enumerated 270 combinations for the given number of missing values is undoubtedly time consuming, we randomly sampled 1,000 days from all gap-free days observations, especially for different pollution scenarios (clean versus polluted, respectively) in order to make the workload manageable. In addition, days with daily- averaged PM2.5 lower than the 10th quantile of all gap-free days were considered as clean scenario, while those greater than the 90th quantile were treated as polluted scenario. Subsequently, a varying number 275 (range from 1 to 23) of data values were treated as gaps in every daily PM2.5 observation randomly and then mean relative differences (MRDs) in daily-averaged PM2.5 derived from between hourly records with and without data gaps were calculated as a measure to evaluate the potential impacts of missingness. Figure 4a shows the estimated MRDs at the 10th, 50th, and 90th quantiles for different numbers of missing values in 1,000 randomly sampled 24-h PM2.5 observations, indicating that larger biases could be 280 introduced to the daily averages with the increase in the total missingness. Given the symmetrical behavior of MRDs around zero (like a Gaussian distribution) for each given number of missingness, we may infer that random biases could be introduced into PM2.5 daily averages if missing values are ignored for the calculation of daily averages of PM2.5. These random biases, in turn, could yield large uncertainties to the subsequent results such as trend estimations. To further evaluate the impacts of missingness on 285 daily averages of PM2.5, in particular at different pollution scenarios, MRDs were calculated on 1,000 clean and polluted days, respectively (Figure 4b-d ). On average, MRDs vary with larger deviations for a given number of missingness on clean days than on polluted days (Figure 4b ). Regarding MRDs at 10th
and 90th quantiles, we may deduce that missing values would result in larger bias to PM2.5 daily averages on clean days than in polluted conditions given larger MRDs for clean scenarios (Figures 4c-d) . This 290 effect is in line with expectations since PM2.5 concentrations often exhibit larger diurnal variations on cleaner days and smaller deviations on polluted days due to the boundary layer height (BLH) effect (Li et al., 2017; Miao et al., 2018) . Note that six missing values would result in as large as approximately 5% of bias (10% for 12 missing values) to daily averages of PM2.5 during clean days (Figures 4c-d) .
In addition to the number of missing values, possible impacts of diurnal phases of missing values on 295 daily-averaged PM2.5 were also examined ( Figure 5 ). Different diurnal phases were observed for MRDs associated with missingness at different pollution levels. Missing values in the afternoon and evening would more likely result in overestimations to daily-averaged PM2.5, whereas underestimations for missingness in the morning and night. Moreover, the missingness in the afternoon during clean days has a larger potential to overestimate daily-averaged PM2.5 than at other times. This effect could be largely (Wang and Christopher, 2003) , though such a diurnal variation pattern may differ by regions (Lennartson et al., 2018) . Furthermore, the diurnal phases of PM2.5 are largely dominated by the diurnal variation of regional emissions and boundary layer processes (Guo et al., 2016; Lennartson et al., 2018; Miao et al., 2018; Yang et al., 2019b) . In contrast, the diurnal phases of MRDs are not evident during polluted days. 305 All these findings collectively suggest the need to fill in data gaps presented in hourly PM2.5 observations, especially for those measured during clean days, since missing values would result in larger biases to daily-averaged PM2.5 than those during polluted phases. 
Performance of DCCEOF method
Since the goal of the proposed DCCEOF method is to reconstruct the diurnal cycle of PM2.5 from a 325 spatiotemporally localized neighborhood field even in the presence of data gaps, three gap-free 24-h PM2.5 observations at different pollution levels were selected at two different monitoring stations (with different numbers of neighboring stations within 100 km of the target station) respectively to assess the efficacy of the proposed DCCEOF gap filling method. As shown in Figure 6 , the DCCEOF method performed well in reconstructing the local PM2.5 diurnal cycles from the discrete neighborhood field, and the 330 reconstructed diurnal variation patterns were highly in line with the practical observations. In particular, the DCCEOF method enabled us to successfully restore the missing PM2.5 information even at the inflection times, e.g., the peak value in Figure 6c and the minimum value in Figure 6e , which are oftentimes hard to recover by statistical interpolation approaches. Nonetheless, compared with practical PM2.5 observations, the reconstructed PM2.5 diurnal cycle was still unable to sufficiently restore all types 335 of local variations (e.g., PM2.5 observations between 0700 and 1100 shown in Figure 6f ). This is consistent with our initial understanding because PM2.5 concentrations vary significantly in space and time.
Moreover, the reconstructed PM2.5 diurnal cycle is derived from a limited number of leading EOF modes and hence it only captures the dominant variation patterns of the neighborhood field while some local variations are ignored. In spite of this potential drawback, the proposed DCCEOF method still exhibited 340 high accuracy in restoring the local PM2.5 diurnal cycle from a discrete neighborhood field. To assess the performance of the proposed DCCEOF gap filling method, we retrieved the hourly PM2.5 observations recorded at one monitoring station in Beijing during the time from August 1 to 7, 2014 and then some valid observations were treated as missing values for the subsequent gap filling. The DCCEOF 350 method performed better than the conventional spline interpolation approach in restoring the artificially masked missing values, especially for those at the inflection times at which spline interpolation failed to predict with good accuracy (Figure 7) . However, both methods failed in predicting the minimum values on August 2. After manually checking the original data records, we found that the local variation of PM2.5 at this station differed largely from that of neighboring stations at the same time.
355 Figure 8 presents a more general evaluation of the prediction accuracy of the proposed DCCEOF gap filling method, which compares the predicted values with the retained data values at different pollution levels. It indicates that the proposed method has good imputation accuracy, with a CV correlation coefficient of 0.82 on clean days (Figure 8a ) and 0.95 for polluted days (Figure 8b ). As stated earlier, higher imputation accuracy is expected for filling gaps on polluted days than cleaner days given the less 360 dynamic features of PM2.5 concentrations on polluted days. This is also evidenced by the scatter plot shown in Figure 8a , in which larger variance is observed between the predicted values and the practical PM2.5 observations. This effect also reveals the larger spatiotemporal heterogeneity of PM2.5 concentrations in clean scenarios. between 1 and 7 August 2014. The green line shows the practical PM2.5 observations that were treated as gaps while their original values were retained for cross validation. Given the DCCEOF method can work well by relying primarily on the spatiotemporally localized neighborhood field to reconstruct the local PM2.5 diurnal cycle for the subsequent missing value imputation. Note that the number of missing values and the population of neighboring stations are two critical factors to fill gaps via the DCCEOF method. Therefore, sensitivity experiments were performed to quantify the response of prediction accuracy to the variation of these two parameters. Figure 9a shows Figure 9b presents the potential impacts of the total number of neighboring stations on the prediction accuracy at the target station. The total number of neighboring stations within 100 km of the target station was first calculated and then sensitivity experiments were performed for each selected number of neighboring stations. Specifically, ten stations were randomly selected for each given number of neighboring stations within 100 km, and then 20 gap-free PM2.5 observations were sampled at each 400 individual station. For each gap-free PM2.5 observation within 24-h, six values were retained and then treated as gaps for cross validation.
It is indicative that the DCCEOF method would yield high prediction accuracy with an adequate number of neighboring stations, as three neighboring stations would render promising prediction accuracy ( Figure   9b ). Large biases would be introduced with a limited number of neighboring stations (<3) due to the lack 405 of sufficient prior information for the reconstruction of the local PM2.5 diurnal cycle. In general, the prediction accuracy may be improved with the increase of the number of neighboring stations but the enhancement effect is not obvious at those stations with more than three neighboring stations.
Nonetheless, the present results indicate that the increase of neighboring stations would reduce the uncertainties in the final predicted values, as evidenced by smaller standard deviations of correlation 410 coefficients for cases with more neighboring stations. Moreover, diurnal cycle reconstructed from the neighborhood field in space is more accurate than using PM2.5 observations from adjacent times, which is evidenced by smaller correlation values with limited neighboring stations. Figure 10 presents the benefits of the DCCEOF method for in-situ hourly PM2.5 records at each individual monitoring station in terms of the improvement of the data completeness ratio as well as the reduction of 415 gap frequency. It shows that the DCCEOF method enables the improvement of the data completeness ratio of hourly PM2.5 records by about 5% on average at the national scale, and the overall data completeness ratio has been improved from 89.2% to 94.3% (Figure 10a ). Despite the small magnitude of the data completeness improvement ratio, the occurrence frequency of days with missingness has been prominently reduced, with the averaged frequency of days with missingness declined from 42.6% to 5.7% 420 (Figure 10b ). In general, the gap-filled PM2.5 record via the DCCEOF method is more temporally complete and thus can be used as a good data source for further PM2.5-related studies. 
Conclusions
A practical and realistic gap filling method termed DCCEOF is proposed in the present study to cope with missingness in time series with significant diurnal variability. Compared with the conventional gap filling methods, the proposed DCCEOF method is self-consistent, physically meaningful, and more accurate, 430 given the utilization of the reconstructed spatiotemporally localized diurnal cycle to constrain the missing value imputation. Such an endeavor enables the proposed gap filling method to predict missing values even at inflection times, like daily peaks or minima, with good accuracy.
As a demonstration, the proposed DCCEOF method was practically applied to fill in data gaps in hourly PM2.5 data records that were acquired from China's national air quality monitoring network, and the cross- 435 validation results indicate a promising prediction accuracy of the proposed DCCEOF gap filling method in restoring PM2.5 missingness. The method performs even better in predicting missing values during polluted phases rather than during clean days given smaller variations of PM2.5 concentrations in space and time. Further sensitivity experiments suggest that the overall accuracy of the DCCEOF method would slightly decrease with the increase of the amount of missingness in daily 24-h PM2.5 observations. This 440 effect is largely associated with larger uncertainties in the construction of spatiotemporally localized PM2.5 neighborhood fields. In addition, an adequate number of neighboring stations in space is essential to the final prediction accuracy of missing value imputation. The experimental results suggest that three neighboring stations within 100 km to the target station would yield a promising prediction accuracy, and the more neighboring stations, the less the uncertainties of the predicted values. 445 Moreover, the data gaps presented in our retrieved in-situ hourly PM2.5 records were explored. In general, the missingness ratio is less than 10% at most stations across China. Meanwhile, data gaps occur more frequently at 0600 and 1200 BJT than other time. After gap filling, the data completeness ratio of China in-situ hourly PM2.5 record was improved to 94.3% while the frequency of days with missingness was markedly reduced from 42.6% to 5.7%. The gap filled hourly PM2.5 record can thus be used as a promising 450 data source for better PM2.5 concentration mapping at the national scale, e.g., incorporating in-situ PM2.5 information from neighboring stations to advance PM2.5 prediction accuracy.
Overall, the proposed DCCEOF gap filling method provides a realistic and promising way to deal with missingness presented in hourly PM2.5 concentration records which oftentimes exhibit pronounced diurnal phases. Given its self-consistent nature, this method can be thereby directly applied to PM2.5 datasets 455 measured in other regions and/or other time series of other data with similar barriers. A more general comparison of this method with many other conventional gap filling methods will be conducted in the future to further evaluate the performance and accuracy of the DCCEOF method in handling various types of data gaps.
